Abstract-Hand plays an important role in a human's life by offering physical interaction and grasping capabilities. In most stroke cases, the hand is the most vulnerable part of the body that has a high chance of suffering. This has led to the development of a numerous wearable robotic devices such as exoskeleton hands. The exoskeleton hands can provide physical assistance for stroke survivors to regain their abilities in performing basic activities of daily living and to improve their quality of life. The key challenges in developing such a device do not only lie in designing its mechanical but also in designing its controller. In controlling the exoskeleton hand, the principal criterion is to work according to the user's motion intention. It can be done by utilizing the electromyogram (EMG) signals generated by forearm muscles contributed from the movement and/or grasping abilities of the hand. In this paper, electromyography assessment of forearm muscles towards the control of an exoskeleton hand is presented. The EMG signals are collected non-invasively using multi-channel surface EMG sensors. The contractions of the muscles are detected from several forearm (flexion and extensor) muscles and the data is processed through several pattern recognition steps, before being mapped to various pinching/gripping forces and angular joints. The adaptability and learning process is done through a neural network. The experimental results show separable classes of features and significant range of control inputs that represent the inter-relation between forearm EMG signals, various pinching/gripping forces and angular joints for exoskeleton hand control.
I. INTRODUCTION
The aim of an exoskeleton hand is to assist stroke survivors to regain their hand strength and functionality, and improve their quality of life. In most stroke cases, hands are the most vulnerable part of the body that have a high chance of suffering; 77% of the stroke survivors experience upper limb weakness which includes limited hand and wrist movement [1] . Stroke is a sudden illness that happens when there is a disruption to the *Research supported by The University of Sheffield, Universiti Teknikal Malaysia Melaka (UTeM), and Ministry of Higher Education Malaysia.
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flow of blood to the brain. There are two types of stroke; ischaemic stroke that is caused by a blockage to an artery cutting off the blood supply to the brain, and haemorrhagic stroke that is caused when a blood vessel bursts within or on the surface of the brain. According to the UK Stroke Association released statistics in January 2017; there are over 1.2 million stroke survivors living in the UK [1] . Some of the most common effects of stroke are physical. The survivors of stroke can experience muscle weakness, paralysis, stiffness, or changes in sensation, usually on one side of the body. These effects may be incorporated with memory problems making it difficult to move some parts of the body, and causing the survivors to struggle in performing activities of daily life [2] . It reduces the survivors' quality of life. Fortunately, there are various approaches to assist the survivors to regain the functionality of their hands, such as by using a robotic device such as an exoskeleton hand.
An exoskeleton is a novel man-machine intelligent system. It is a wearable machine that is powered by a system of motors with corresponding joints and links that allow limb movement, increased strength and endurance. Exoskeletons have been studied since the 1960s for industrial or medical applications. The first whole-body exoskeleton robot; Hardiman, was actuated and was supposed to be driven by a human operator from the inside of the robot [3] . Pons et al. [4] classified exoskeleton robots into three groups; empowering exoskeleton which extends the strength of human beyond its natural ability while maintaining human control of the robot, orthotic exoskeleton whose mechanical structure maps onto the anatomy of the human limb with a purpose to restore lost or weak functions, and prosthetic robot which substitutes the lost limb after amputation. In this research, the development of an orthotic exoskeleton hand that functions as an assistive device for the post-stroke patient with consideration of user motion intention as control input is studied and explored.
Kiguchi et al. [5] suggested that to activate the exoskeleton robot according to the user motion intention, a force sensor based control can be employed for user without limb problem while for those who are not strong enough to move their limb, EMG-based control with the EMG signals from certain muscles can be adopted to activate the system accordingly. Forearm EMG signal is a tiny voltage generated due to movement of each residual muscle within human forearm which contributes to the movement and/or grasping abilities of the hand. This signal in which the user's motion intention is reflected contains much information of the muscle activity and can imply user's intention 30-100 ms in advance which is crucial in providing real-time information to facilitate accurate control of the exoskeleton hand [6] . In addition, EMG signal offers advantages in terms of control input as compared to that derived through dynamic or kinematic analysis. Commonly, the signals generated from sensors comprise noises from the user and internal device and often introduce a delay for the controller [7] .
This paper presents the design of orthotic exoskeleton hand and a fundamental study carried out to determine EMG signal behaviours in establishing the inter-relation between forearm EMG signals, various pinching/gripping forces and finger positions for exoskeleton hand control which can enhance the technology in communication between human and machine. The rest of paper is structured as follows: Section II presents system description with explanation of human hand biomechanics and design of the exoskeleton hand. Section III presents the experimental procedure for EMG data collection and data analysis. Section IV presents the pattern recognition procedure. The experimental results are presented and discussed in Section V and the paper is concluded in Section VI.
II. SYSTEM DESCRIPTION

A. Hand Biomechanics
A key aspect in designing exoskeleton hand is to understand the human hand anatomy and biomechanics for ensuring safe operation and effective function of the device. The human hand is highly articulated with various ranges of motion. The hand ( Figure 1 ) has 27 bones divided into three groups: 8 carpal bones which make up the wrist, 5 metacarpal bones as the root of the hand, and 14 phalanges. Two phalanges form the thumb (proximal and distal phalanges). For the rest of the fingers, the phalanges are divided into three intercalated bony segments: distal, middle, and proximal phalanges. The distal phalanx is located at the fingertip, connected to the proximal phalanx that is located at the base of the finger through middle phalanx. The proximal phalanx is also connected to the metacarpal bones in the palm of the hand [3] . The finger joints are metacarpophalangeal (MCP), proximal interphalangeal (PIP), and distal interphalangeal (DIP) joints. The MCP joint of the hand has two degrees of freedom (DOF) (adduction/abduction and flexion/extension) while the PIP and DIP joints each has single DOF (flexion/extension). The PIP and DIP joints are interdependent as the DIP joint is a passive DOF that is driven by the rotation at the PIP. Hence, each natural finger can be considered as a four DOF mechanism with three active joints and one passive joint [8] . 
B. Exoskeleton Hand
A considerable amount of literature has been published on the development and design of exoskeleton hand for assistive and rehabilitation purposes. The research developments published for exoskeleton hand are categorized into three; systems assisting wrist movement, systems assisting finger(s) movement, and systems assisting wrist and finger(s) movement. Several researchers have developed systems that support finger(s) movement: assistive [9] [10] [11] [12] [13] and rehabilitation [14] [15] [16] . Baker et al. [9] developed an orthotic hand assistive exoskeleton (OHAE) that reduces the muscular force needed to pinch or grasp. It has three actuated fingers: the thumb, middle and index fingers, that are driven by cables attached to a glove. Hasegawa et al. [17, 18] have introduced five-fingered assistive hand that supports human hand and wrist activities. It has 11 DOF: eight active joints and three passive joints. A cable-driven mechanism mimicking human finger motion is adopted by the author with each of the joints controlled independently.
In this research, the bony segments of the human hand are closely followed in designing the exoskeleton, with exceptions in the palm and the wrist. The design of index, middle, ring and little fingers contain three intercalated body segments: proximal, middle and distal phalanges, while the thumb contains only two intercalated body segments: proximal and distal phalanges. The physical modeling of the exoskeleton hand is completed in SimMechanics environment. The conceptual design of the exoskeleton hand is done in Solidworks and is imported to the SimMechanics program scheme (Figure 2 ). This integration allows verification of the model, and facilitates the design process of the controller that is executed in MATLAB environment. Besides, in designing the exoskeleton controller, it is necessary to know dynamics and kinematics of the exoskeleton hand to obtain mathematical models that can closely represent the system. However, the inverse kinematic task is complex to solve analytically and the numerical calculation often entails difficulties as the exoskeleton hand is complex and high in degrees of freedom [19] . With Solidworks and SimMechanics, the mathematical representation of the exoskeleton hand can be developed and modeled without complex mathematical derivations. In order to develop an accurate and ideal representation of the system, a few assumptions were made to further define the exoskeleton hand model. These are as follows:
1. All the joints (DIP, PIP, and MCP joints) are assumed to have 1 DOF, allowing only flexion/extension. 2. All the joint angles (DIP, PIP and MCP joints) for each finger are based on [20] for rectangular object power grip with a grip diameter of 25 cm (the diameter of hand dynamometer). 3. During the finger pinch, the force is exerted at the middle pulp of distal phalanx and all external forces are assumed to be single unit. 4. All the joint actuators receive forces as an input and render angles as the output (adopting admittance control theory).
III. EXPERIMENTAL PROCEDURE The EMG datasets utilized in this paper were collected by the authors after obtaining research ethical approval from The University of Sheffield for the purposes of this research. A series of experiments were designed to collect the data. Five subjects were randomly selected; four males and one female aged between 20 -40 years old. The subjects chosen were normally limbed without any neuro-muscular problems. They were briefed (orally or using a visual aid, ie recorded video) and provided with informed consent prior to the study. The experiment started with experimental set-up, followed by muscles selection and ended with EMG data collection for different finger pinch and hand grip strengths. The muscle excitation and finger pinch force were simultaneously measured using multi-channel EMG sensors and a hand dynamometer by Vernier (HD-BTA). The hand dynamometer is a strain gauge based isometric force sensor that amplifies hand grip force applied to its pressure pads and converts the force value into a corresponding voltage value. Figure 3 illustrates the experimental set-up for this research. The areas of the skin where the electrode patches were placed were scrubbed with a paper towel to remove skin oil and moisture. (Detailed skin preparation procedure will only be carried out if necessary). Then, electrode patches were placed on the selected forearm muscle (at the belly of the muscles) on subject's dominant hand with 24 mm in distance between each electrode and connected to the LabQuest mini data acquisition through the interfacing wire. Next, the hand dynamometer was connected to the LabQuest mini data acquisition and a laptop (battery powered). Finally, Logger Lite software was launched, the sensors and hand dynamometer were calibrated and data were recorded.
A. Muscle Selection
Combination and coordination actions of both extrinsic and intrinsic musculature have contributed to the dexterous movement of the hand. The extrinsic muscles are originated from the arm and forearm while the intrinsic muscles are located entirely within the hand. Among those muscles, there are several extrinsic muscles that contribute to flexion and extension of the fingers, allocated within forearm posterior and anterior compartments. Assessing the target muscles contributing to the intended finger movement and hand grasping are crucial to characterize the EMG signals classes used in modeling the myoelectric towards the control of exoskeleton hand. The muscles are commonly known as flexor muscles (in the anterior compartment) and extensor muscles (in the posterior compartment) and are separated by the radius and ulna with the interosseous membrane that connects them. Based on the actions intended to be tested [21] , five potential muscles ( Figure 4 and Figure 5 ) were selected for further investigation. The list of muscles and their characteristics are listed in Table 1 . 
B. EMG Data Collection
The EMG data collection was carried out for six classes of forearm movement summarized as: hand open (HO), hand closed (HC), thumb-index finger pinch (FP1), thumb-middle finger pinch (FP2), thumb-ring finger pinch (FP3), and thumblittle finger pinch (FP4). When collecting the data, the subjects were instructed to pinch/grasp the hand dynamometer at maximum strength which were recorded and considered as subject's maximum voluntary contraction (MVC). Then, they were asked to produce each of the six specific movements at different finger pinch and hand grip strength (20, 40, 60, 80 , and 100% of MVC), and hold that movement for a period of 10 sec with 5sec rest sessions incorporated in between each movement for three trials. The experiments were repeated three times to prepare datasets that are required for the mapping process; two sets were used as training data while one set was used as testing data for the neural network.
In general, the estimation of muscle excitation can be done by analyzing the amplitude of the EMG signals generated. More motor units and higher firing rates are needed in order to maintain or increase the pinching/gripping forces. The quality and accuracy of the EMG signals collected were improved by ensuring accurate electrodes placement for each muscle under consideration for specific movement. The subjects were instructed to perform several tests to detect the right location of each muscle as described based on [21] and are listed as in Table 2 . Forearm in pronation, the thumb is extended at the MCP joint against resistance.
Lower 1/3 of forearm between radius and ulna.
IV. PATTERN RECOGNITION PROCESS
The structure of the EMG based control method can be categorized as pattern-recognition or non-pattern recognition based. Non-pattern recognition normally consists of a simple structure with only few processing steps. It is normally addressed as the primary level controller with ON/OFF function. It is practically not adequate to control exoskeleton hand as its accuracy is normally lower as compared to the pattern recognition based methods. Thus, pattern recognition based method was adopted in this research. The EMG signals were processed in four stages; EMG data acquisition, data segmentation, feature extraction and classification.
In the EMG data acquisition stage, the raw EMG signals were collected with sampling frequency of 2 kHz obeying the Nyquist theorem which suggests that the sampling frequency should be at least twice the highest frequency contained in the signal. In general, the usable energy of the surface EMG signal is limited to the 0 to 500 Hz frequency range, with the dominant energy being in the 50-150 Hz range. Then, the data were filtered using second-order bandpass filter (20 Hz -450 Hz) in MATLAB environment. The data segmentation was performed using overlapping segmentation technique with 256 ms window size and 128 ms window increment. This method has advantages over disjoint segmentation as it increased processing time and provided better classification performance.
Feature extraction method plays a critical role in extracting useful information hidden in the forearm EMG signals. In this research, the time-domain features; root mean square (RMS), mean absolute value (MAV), zero-crossing rate (ZC) and waveform length (WL) were chosen due to their computational simplicity.
RMS is widely adopted for feature extraction [22] . It is modelled as amplitude modulated Gaussian random process. It is related to the constant force and non-fatiguing contraction of the EMG signal [23] . It can be defined as:
MAV is the average of the absolute value of EMG signal measured for certain duration of time. It is an easy way for detection of muscle contraction levels and is one of the most popular used in EMG signal analysis. MAV feature can be defined as:
ZC is the number of times that EMG signal has crossed the zero line (from negative to positive or vice versa). Threshold condition is added to avoid background noises and is implemented as:
WL is the accumulative length of the EMG waveform over the time segment and can be defined as:
A two-layer neural network was employed as the pattern classifier to map the time-domain features into fingers joint angles. A feed-forward backpropagation algorithm was used to train the neural network. The input matrices (time-domain features) and corresponding target matrices (the fingers joint angles) were used to train the neural network until it can approximate a function by associating the elements in the input matrices with elements in the target matrices.
Separate neural networks were used to model each finger (the four medial fingers and the thumb). The neural network designed for the four medial fingers consist of 3-layers (an input layer with 3 neurons; features from FDS, FDP and EDC muscles at 40% finger pinch/hand grip strength), a tangentsigmoid hidden layer with 15 neurons and a pure linear output layer with 1 neuron (joint angles). As for the thumb, the designed neural network consists of 2-layers (an input layer with 2 neurons; features from FPL and EPB muscles at 40% finger pinch/hand grip strength), a tangent-sigmoid hidden layer with 10 neurons and a pure linear output layer with 1 neuron (joint angles). The results are discussed in the next session.
V. EXPERIMENTAL RESULTS
Results obtained at each stage of the research are presented in this section. The effectiveness of muscle selected and accuracy of raw EMG signal collected were evaluated by analysing the change in signal amplitude towards different finger pinch and hand grip strength. Figure 6 reveals that the amplitude increases proportionally to the increase in the hand grip strength. The raw EMG was collected at different hand grip strengths (20, 40, 60 , and 80% of MVC) for FDS muscle at neutral wrist position. It is noted in the EMG trace that, the signal envelope of EMG activities shows many spikes indicating the brain activity to electrically activate/excite the muscle to produce the desired hand grip strength. In the case of fatigue, the envelope of the muscle will be increasing even though the force is actually decreasing indicating that the brain is driving the muscle harder and harder but the muscle fatigue makes it weaker. In the second part of the experiments, the plot of the EMG features extracted from FDS and EDC muscles for four medial fingers were first observed to visually inspect the distribution of the extracted features across different finger pinch/hand grip movements as shown in Figure 7 to Figure 10 . It is noted in these figures that separable classes of features with WL method produced more significant features when compared to RMS, MAV and ZC methods. In particular, it shows that WL features appear to be the best sensing technique to represent the intention of the user. Thus, the WL features were chosen in classifying the control input. Similar analysis was conducted and concluded for the thumb based on data collected at FPL and EPB muscles. Several datasets comprising of WL features from flexion and extension muscles were then used as the training and testing data for classifying the control input. Figure 11 and Figure 12 show the input signals and the corresponding joint angles (MCP & PIP) estimated by the neural network for the four medial fingers and the thumb. The performances of each of the neural networks are evaluated by calculating the Mean Absolute Error (MAE) between the output values estimated by the neural network and actual values. It can be concluded that the neural networks used managed to estimate the joint angles for all five fingers from the WL features with acceptable MAE values. 
VI. CONCLUSION AND FUTURE WORK
As a conclusion, the features extracted from the datasets have significantly presented separable class and range for user defined input signals. The inter-relation between the EMG signal, various finger pinch/hand grip strengths and joint angles for five fingers have been established and can be used as control input to control the exoskeleton hand. Since the proposed work only discussed the myoelectric modeling for the fingers, the work should be extended for the wrist movement using similar methods. Besides, control framework that integrates all the fingers and wrist should also be designed to control the exoskeleton hand that can resemble movement and/or grasping abilities of the human hand.
